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Abstract

This paper describes the systems submitted by the MiPV AI-IR team to the third Voight-Kampff Generative AI/LLM
Detection Task at PAN and ELOQUENT 2026. The task focuses on binary Al-generated text detection, where
each text must be classified as either human-authored or machine-authored under challenging style-mimicking
conditions. We propose a heterogeneous and partially interpretable ensemble that combines lexical, linguistic,
probabilistic, and semantic signals. The system includes a TF-IDF lexical classifier, a handcrafted linguistic feature
classifier, a probabilistic detector based on Binoculars and related language-modeling features, and a fine-tuned
DistilBERT classifier. Their probability scores are combined through a logistic regression aggregation layer.
Validation results show that lexical and semantic subsystems achieve the strongest standalone performance,
while linguistic features provide interpretable genre-sensitive signals. The aggregation layer obtains the best
validation performance, suggesting that combining heterogeneous evidence can provide a modest improvement
over individual subsystems.
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1. Introduction

The use of Artificial Intelligence (AI) for text generation has increased rapidly, with Large Language
Models (LLMs) now being adopted in several application contexts, including education, professional
writing, journalism, and online communication [1, 2, 3]. At the same time, the quality and fluency of
Al-generated text have improved substantially, making it increasingly difficult to distinguish machine-
authored content from human-written content [4]. This growing realism creates important challenges
for authorship verification [5], misinformation detection [6], content authenticity [7], and the broader
assessment of information trustworthiness. As a result, developing reliable methods for identifying Al-
generated text has become increasingly important across academic, professional, and societal contexts.

Al-generated text detection becomes substantially more challenging when machine-authored texts
are produced under instructions that explicitly ask LLMs to imitate the writing style of specific human
authors or to reduce detectable machine-authored patterns. This challenge is likely to become more
pronounced as users become increasingly familiar with prompt engineering strategies that make Al-
generated text more human-like and harder to identify. As a result, robust Al-generated text detection
requires systems capable of leveraging multiple complementary signals that remain informative
under challenging and evolving generation conditions.

Moreover, Al-generated text detection systems are increasingly being used in contexts where their de-
cisions may directly affect individuals. For example, detection systems may be used to determine whether
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a student assignment, professional report, or published article was partially or entirely generated using
Al tools. Recent public controversies have also highlighted cases in which Al-authorship accusations or
automated detection outcomes affected professional collaborations and freelance work [8, 9]. In such
settings, detection outcomes may lead to disputes, reputational consequences, or professional sanctions.
As a result, relying exclusively on black-box systems becomes problematic, since authors, institutions,
and readers may require clear explanations regarding why a text was classified as machine-authored.
Interpretable detection approaches can therefore support transparency, human review, and more
informed decision-making processes by providing insight into the signals and patterns that contributed
to the final prediction.

Together, these challenges motivate the development of Al-generated text detection systems that are
both robust and partially interpretable. In this work, we investigate whether heterogeneous detection
systems can support robust Al-generated text detection under adversarial and style-mimicking condi-
tions. Rather than relying exclusively on a single system, we combine lexical, linguistic, probabilistic,
and semantic subsystems designed to capture complementary properties of machine-authored text.

Recent research on Al-generated text detection has explored a broad range of approaches, including
lexical and stylometric methods [10, 11, 12], probabilistic zero-shot detectors [13, 14, 15], transformer-
based classifiers [16, 17, 18, 19], and some hybrid ensemble systems [20, 21, 22]. While transformer-
based architectures often achieve strong predictive performance, lightweight lexical and probabilistic
approaches offer advantages due to their efficiency, interpretability, and reduced training requirements.

For this reason, our approach investigates a heterogeneous ensemble architecture that combines
multiple types of evidence for Al-generated text detection. The goal of this paper is to examine whether
a partially interpretable ensemble can support robust detection across different genres and generation
conditions while also providing insight into the signals that contribute to the final prediction. The
proposed system combines four complementary subsystems:

« alexical subsystem based on TF-IDF representations over word and character n-grams;

« a linguistic subsystem based on handcrafted stylometric and discourse-oriented features inspired
by linguistic analyses of LLM-generated text;

« aprobabilistic subsystem based on the Binoculars score and additional language-modeling features,
including surprisal, entropy, and log-rank;

+ a semantic subsystem based on a fine-tuned DistilBERT model for capturing contextual and
semantic patterns.

The probability scores produced by these subsystems are combined through a logistic regression
aggregation layer. This design allows us to examine whether different types of signals provide comple-
mentary information for distinguishing Al-generated from human-written text, especially in difficult
borderline cases and across heterogeneous text genres.

2. Related Work

Generative Al text detection has been investigated through a broad range of methods, from lightweight
lexical and stylometric approaches to transformer-based architectures. Since our system combines
lexical, linguistic, probabilistic, and semantic approaches, this section reviews prior work along these
main methodological directions.

A first line of work focuses on statistical, lexical, and stylometric approaches [10, 11, 12]. These
methods represent texts through explicit features such as lexical distributions, vocabulary richness,
punctuation patterns, readability measures, and syntactic properties. For example, Lorenz et al. [10]
showed that TF-IDF representations combined with logistic regression or SVM classifiers remain highly
competitive despite their simplicity. Similarly, Jimeno-Gonzalez et al. [11] combined lexical and linguistic
features with TF-IDF representations to build a lightweight and interpretable detector, while Seeliger
et al. [12] proposed a signal-processing-inspired method based on word correlations. Overall, these



approaches are computationally efficient and relatively transparent, but their reliance on surface-level
patterns may limit robustness to unseen generators, paraphrasing, or domain shifts.

A second line of work investigates zero-shot and probabilistic detectors [13, 14, 15]. These approaches
exploit statistical properties of language model outputs, including perplexity, entropy, surprisal, and
token-rank distributions, based on the assumption that Al-generated text tends to be more statistically
regular than human-written text. One influential approach is Binoculars [14], which compares proba-
bility distributions produced by two language models to identify machine-authored text. Building on
this idea, Tavan and Najafi [13] proposed BinocularsLLM, an ensemble combining probabilistic signals
with neural classifiers, achieving first place in PAN 2024 [23]. Although these detectors require little or
no task-specific training data, they can be sensitive to paraphrasing, prompt variation, and restricted
access to model probabilities [15]. More recent research increasingly focuses on transformer-based
architectures fine-tuned for text classification [16, 17, 18, 19]. These systems rely on contextual semantic
representations learned by pretrained language models such as BERT, RoBERTa, DeBERTa, and Qwen.
Representative approaches include chunk-based BERT classification [16], ModernBERT detectors with
custom optimization strategies [17], DeBERTa-v3 with regularization and augmentation techniques [18],
and large Qwen3-based detectors achieving state-of-the-art performance in PAN 2025 [19, 24]. Overall,
transformer-based systems generally achieve stronger predictive performance because they capture
contextual and discourse-level information, although they remain computationally expensive and
difficult to interpret.

Another research direction explores representation learning and contrastive learning techniques [25,
26, 27]. These approaches aim to learn robust and transferable semantic representations through
contrastive objectives, genre-aware embeddings, or multi-task learning architectures. Overall, they
reflect a broader shift toward improving cross-domain robustness and representation generalization
rather than relying exclusively on surface-level textual features.

Some studies have attempted to combine the strengths of different detection paradigms through
hybrid and ensemble systems. These works provide evidence that heterogeneous signals can capture
complementary properties of Al-generated text and improve robustness compared to single-model
approaches. Kumar et al. [20] proposed a hybrid DistilBERT-based framework that combines semantic
embeddings with handcrafted stylometric and entropy-based features. Marchitan et al. [21] explored
multiple strategies for leveraging frozen and fine-tuned LLM embeddings together with machine learning
classifiers such as logistic regression, SVM, XGBoost, and LightGBM. Their experiments showed that
ensembles of classical classifiers operating on strong semantic embeddings can achieve performance
comparable to fully fine-tuned transformers while requiring fewer computational resources. Similarly,
Zaidi et al. [22] combined transformer architectures with data augmentation strategies, including back-
translation and synonym replacement, to improve robustness in collaborative authorship detection.
Our work builds on this direction by integrating a broader range of complementary lexical, linguistic,
probabilistic, and semantic signals within a unified and partially interpretable ensemble framework.

Overall, the literature shows a clear evolution from lightweight stylometric methods toward increas-
ingly sophisticated transformer-based and hybrid architectures. Statistical and zero-shot approaches
offer practical advantages because of their efficiency and interpretability, while transformer-based
systems often achieve stronger predictive performance. At the same time, recent work increasingly
emphasizes robustness, domain adaptation, mixed-authorship detection, and explainability. Hybrid
approaches that combine lexical, statistical, linguistic, and semantic signals therefore appear particularly
promising, since they can offer a balanced trade-off between interpretability, computational efficiency,
and predictive performance. However, fewer works explicitly investigate how different categories of
signals complement each other within heterogeneous ensemble architectures.

In this work, our goal is to investigate whether heterogeneous and partially interpretable systems
can support robust detection while providing better insight into subsystem behavior.



3. Proposed Framework

The proposed architecture is motivated by the assumption that robust Al-generated text detection re-
quires evidence from multiple representational levels, especially under adversarial and style-mimicking
conditions. As shown in Figure 1, our system combines four heterogeneous subsystems that capture
complementary properties of machine-authored text, i.e. lexical regularities, linguistic structure, proba-
bilistic smoothness, and semantic coherence. The lexical subsystem captures surface-level regularities
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Figure 1: Overview of the proposed multi-signal ensemble for robust and interpretable Al-generated text
detection.

in word use. For example, it can detect repeated expressions, frequent discourse markers such as
“moreover” or “in conclusion”, and unusually uniform lexical choices.

These signals help identify recurring wording patterns that may be associated with machine-authored
text. The linguistic subsystem captures structural and stylistic regularities beyond individual words.
For example, it can detect regular sentence lengths, repeated sentence openings, limited punctuation
variation, and consistently formal writing patterns. These signals provide evidence about the orga-
nization and style of the text. The probabilistic subsystem captures generation smoothness and
token predictability. For example, it can detect texts where many tokens are highly expected from the
preceding context, or where uncertainty remains low across the text. These signals provide evidence
about statistical regularities in the generation process. The semantic subsystem captures contextual
coherence and discourse-level meaning. For example, it can detect very smooth topic transitions,
repeated reformulations of the same idea, or strong semantic similarity between adjacent sentences.
These signals provide evidence about the semantic flow and coherence of the text.

Together, these subsystem-level predictions provide complementary evidence for the final aggregation
layer, while also allowing the classification decision to be inspected in terms of the type of signal that
supported it.

3.1. Subsystem Instantiation

This section describes how we developed each subsystem and explains how each contributes comple-
mentary evidence to the final prediction.

Lexical subsystem. The lexical subsystem is implemented as a sparse text classifier based on TF-IDF
representations extracted from word and character n-grams. We use word n-grams from 1 to 2 and
character n-grams from 3 to 5, and classify the resulting feature vectors using logistic regression with L2
regularization. This design allows the subsystem to capture surface-level lexical and stylistic regularities
associated with machine-authored text. Word n-grams capture recurring lexical patterns and phrases,
while character n-grams capture punctuation usage, subword patterns, and stylistic cues that may not



be visible at the word level. logistic regression was selected based on our preliminary experiments
using PAN 2026 training and validation sets [28, 29], where it consistently outperformed the other
evaluated classifiers. This choice is also supported by previous work showing the effectiveness of
logistic regression with sparse lexical representations for Al-generated text detection [10].

Linguistic subsystem. The second subsystem is based on handcrafted linguistic and stylometric
features classified through logistic regression. To identify and design these features, we conducted a
targeted literature review on linguistic patterns associated with Al-authored text. The final feature set
was mainly inspired by the linguistic analysis proposed by Tercon and Dobrovoljc [30], which examines
textual properties that distinguish Al-generated from human-written text. The subsystem extracts
features from four main categories:

1. lexical repetition and diversity,

2. function word distributions,

3. syntactic and structural information,
4. domain and discourse style.

The first category models lexical diversity and repetition patterns. For example, the subsystem
measures repeated unigram and bigram ratios, as well as lexical diversity metrics such as the number of
unique tokens. These features are intended to capture highly regular lexical patterns, limited vocabulary
variation, and repetitive phrasing, which may occur in Al-generated texts. During experimentation,
they were useful for identifying texts with unusually stable word choices and recurring expressions.

The second category models stylistic behavior through function word distributions and stance-related
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expressions. For example, the subsystem measures the ratio of personal pronouns, such as “I”, “me”,
“you”, “mine”, and “your”, together with the frequency of stance expressions, such as “perhaps”, “likely”,
and “certainly”. It also captures epistemic markers, including expressions such as “I think”, “in my
opinion”, and “I feel”. These features are intended to capture how explicitly a text expresses perspective,
uncertainty, certainty, or interpersonal orientation. Such signals can be useful because human-written
and Al-generated texts may differ in how they use personal reference, hedging, and stance-taking
language.

The third category captures syntactic and structural information. Specifically, the subsystem measures
sentence length variability, part-of-speech distributions, and punctuation frequency. These features
are intended to capture how the text is structurally organized, including the regularity of sentence
construction, the distribution of grammatical categories, and the use of punctuation marks. Such signals
can help identify texts with unusually uniform sentence structures or highly regular syntactic patterns.

The final category models discourse organization and genre-related stylistic properties. These
features were introduced after a qualitative analysis of frequent validation errors. Human-written news
articles were sometimes incorrectly classified as Al-generated because of their regular phrasing, formal
organization, acronyms, quotations, and repetitive reporting style. Conversely, some Al-generated
fiction texts were harder to detect because they contained dialogue, descriptive narration, and greater
stylistic variability. To capture these genre-dependent patterns, we introduced features related to
dialogue frequency, attribution verbs, acronym usage, discourse markers, and sentence-opening diversity.
These features model higher-level stylistic and discourse properties, such as the use of direct speech,
reporting structures, repeated discourse transitions, and variation in sentence openings.

We intentionally selected handcrafted features because they remain interpretable. Each feature
corresponds to a meaningful linguistic property that can be directly analyzed during qualitative error
analysis and subsystem comparison. logistic regression was again selected because the feature space is
relatively small and structured.

Probabilistic subsystem. The third subsystem is a probabilistic detector based on the Binoculars
framework, combined with additional probabilistic features. For each input text, we extract the Binocu-
lars score, mean and variance of surprisal, mean entropy, and mean log-rank. The resulting feature



vector is then used as input to a logistic regression classifier, which predicts whether the text is Al-
generated. These probabilistic features provide information about token predictability and generation
regularity from a language-modeling perspective. The Binoculars score was included because it provides
a zero-shot detection signal without requiring task-specific language model training. The additional
probabilistic features were introduced to enrich the subsystem with complementary information about
token uncertainty and probability distribution behavior. This subsystem complements the lexical and
linguistic components because it operates at the probabilistic level rather than the lexical or structural
level.

Semantic subsystem. The semantic subsystem is implemented using DistilBERT, which we fine-
tuned on the PAN 2026 training data [28] for binary Al-generated text detection. We include this
subsystem to capture contextual and semantic information associated with Al-authored text. While the
lexical and linguistic subsystems focus on surface patterns and writing style, the semantic subsystem
models how words and sentences relate to each other in context. DistilBERT was selected because it
provides strong contextual representations while remaining computationally efficient. This choice is
consistent with the goal of the ensemble, where the semantic subsystem is intended to contribute com-
plementary semantic evidence without dominating the more interpretable subsystems. The subsystem
outputs a probability score indicating the likelihood that the input text is machine-authored.

Aggregation layer. The outputs of the subsystems are finally combined through an aggregation
layer based on logistic regression. Each subsystem is implemented as a logistic regression classifier
over its own feature representation and produces a probability score indicating whether the input text
is Al-generated. The scores produced by the lexical, linguistic, probabilistic, and semantic subsystems
are then used as input features for the final aggregation layer. This layer learns how to combine
subsystem-level evidence and produces a single final probability score for each input text.

The motivation behind this ensemble design is that the usefulness of each subsystem may depend
on the type of text being analyzed. Sparse lexical models provide strong global performance, while
linguistic, probabilistic, and semantic subsystems may provide complementary evidence in difficult
cases, such as highly formal institutional writing or Al-generated fiction with a human-like narrative
structure. We selected logistic regression to preserve interpretability and facilitate the analysis of
subsystem interactions. Since the aggregation layer operates on a small number of subsystem scores
rather than high-dimensional raw features, a linear aggregation strategy is appropriate and allows
direct inspection of subsystem contributions through model weights. This choice keeps the aggregation
model simple and reduces the risk of overfitting compared to more complex aggregation strategies.

The final architecture therefore combines lexical, linguistic, probabilistic, and semantic evidence
within a heterogeneous and partially interpretable ensemble framework for robust Al-generated text
detection. In addition to the complete ensemble, we also designed several sub-ensembles combining
specific subsets of the subsystems. The goal of these configurations was to analyze the individual contri-
bution and complementarity of different feature families and to evaluate whether simpler combinations
could achieve competitive performance with lower complexity.

4. Experimental Setup

Our empirical evaluation is conducted in the context of the PAN 2026 Voight-Kampff Generative Al
Detection task [31], which focuses on distinguishing human-authored from machine-authored text
under challenging generation conditions. The dataset provided by the organizers includes human-
authored texts and Al-generated texts produced by multiple LLMs. The texts cover heterogeneous
genres, including fiction, news, and essays. This genre diversity makes the task challenging because
each genre exhibits different stylistic and structural properties.



4.1. PAN 2026 Dataset Analysis

Before designing the final architecture, we performed a preliminary analysis of the PAN 2026 training
and validation data to better understand the characteristics of the detection task and identify which
types of signals could be most informative.

We observed that different categories of texts exhibited substantially different stylistic properties.
Fiction texts frequently contained dialogue, descriptive narration, and higher lexical variability, while
news texts often exhibited highly regular institutional phrasing, acronyms, quotations, and formulaic
reporting structures. Essays instead tended to present more stable argumentative organization and
personal writing styles. The lexical regularities observed in many Al-generated texts motivated the
inclusion of a sparse TF-IDF lexical subsystem. At the same time, the presence of genre-dependent
stylistic variation motivated the introduction of handcrafted linguistic and domain-style features capable
of modeling dialogue structure, discourse organization, sentence variability, and institutional writing
patterns. The probabilistic subsystem was introduced to capture token predictability and generation
smoothness, while the semantic transformer subsystem was designed to model higher-level contextual
information that may not be fully captured by lexical or structural features alone.

Overall, the preliminary analysis suggested that a single detector family may not be sufficient
to handle the heterogeneity of the dataset. For this reason, we adopted a multi-signal architecture
that combines lexical, linguistic, probabilistic, and semantic evidence. This design aims to improve
robustness, particularly in difficult borderline cases and across heterogeneous genres and generators.

5. System Analysis on the Validation Set

5.1. Subsystem Performance on the Validation Set

Table 1 reports the validation performance of the four standalone subsystems and the final aggregation
layer, including F1, ROC AUC, accuracy, false positives, and false negatives. Overall, most subsystems
achieve strong standalone performance, except for the probabilistic subsystem, which performs substan-
tially lower than the others. The lexical subsystem achieves strong performance, indicating that lexical
and orthographic regularities remain highly discriminative for Al-generated text detection. The seman-
tic subsystem performs similarly, with fewer total errors, suggesting that contextual semantic modeling
provides useful information beyond surface-level lexical patterns. The linguistic subsystem performs
lower than both systems, but remains strong given its reliance on interpretable handcrafted features
rather than large-scale lexical or semantic representations. The probabilistic subsystem is substantially
weaker than the other detectors and produces a large number of false negatives. This indicates that
probabilistic smoothness and token predictability alone are insufficient for robust standalone detection
across heterogeneous genres and generators. Finally, the aggregation layer achieves the best overall
performance. In particular, it reduces the number of false negatives compared to the lexical subsystem
while maintaining a low number of false positives.

Table 1

Performance of the standalone subsystems and the aggregation layer on the validation set.
System F1 ROCAUC Accuracy FP FN
Lexical .994 999 991 12 17
Linguistic 978 994 971 45 58
Probabilistic .848 .888 814 207 459
Semantic .994 1.000 993 17 9

Aggregation layer .995 1.000 993 13 11




Table 2
Genre-level F1 scores for the subsystems and the aggregation layer on the validation set.

Genre  Lexical Linguistic Probabilistic Semantic Aggregation layer

Essays 997 984 .842 995 .998
Fiction 992 990 .860 995 994
News 993 961 .837 993 994

5.2. Subsystem Behavior Across Genres

We further analyze how subsystem behavior varies across textual genres. In particular, we investigate
whether specific detector families are more effective for particular genres and whether subsystem
complementarity depends on the type of text being analyzed. To this end, we divide the validation
set into three genres, namely essays, fiction, and news. For each genre, we evaluate the predictions
produced by each subsystem and by the final ensemble independently.

Table 2 presents the genre-specific results, showing that subsystem effectiveness varies across text
types. The lexical and semantic subsystems remain consistently strong across genres, while the linguistic
subsystem shows greater variation, with stronger performance on fiction and lower performance on
news. The probabilistic subsystem performs lowest across all genres, indicating that token predictability
isnot sufficient as a standalone signal in this setting. The aggregation layer achieves the best performance
on essays and news, while the semantic subsystem performs best on fiction. Overall, these results
suggest that aggregation can improve robustness, although its benefit depends on the genre.

5.3. Feature Analysis of the Lexical and Linguistic Subsystems

We analyze the lexical and linguistic subsystems on the validation set to better understand which
features contribute most strongly to their predictions. This analysis uses the coefficients learned by the
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Figure 2: Logistic regression coefficients for word and character n-gram features in the lexical subsystem.
Positive values indicate features associated with Al-generated text, while negative values indicate features
associated with human-written text.
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Figure 3: Logistic regression coefficients for handcrafted linguistic features. Positive values indicate features
associated with Al-generated text, while negative values indicate features associated with human-written text.

corresponding logistic regression models. For the lexical subsystem, we inspect the most informative
TF-IDF features extracted from word unigrams and bigrams, and character 3-5-grams. For the linguistic
subsystem, we inspect the coefficients assigned to the handcrafted linguistic features. In both cases,
positive coefficients indicate features that push the prediction toward Al-generated text, while negative
coefficients indicate features that push the prediction toward human-written text.

Figure 2 shows the most influential lexical features. The results indicate that the lexical subsystem
relies on both word-level expressions and character-level patterns. Several highly weighted features
correspond to common lexical expressions, punctuation patterns, and character n-grams. This suggests
that the sparse lexical subsystem captures not only word choice, but also orthographic and stylistic
regularities. At the same time, some influential features appear to reflect genre-specific patterns,
especially narrative or dialogue-related expressions, indicating that the lexical subsystem may partly
encode genre-dependent surface cues.

Figure 3 shows the most influential handcrafted linguistic features. Positive coefficients are associated
with features such as MTLD, noun ratio, dependency depth, clausal modifier count, comma frequency,
and nominalization ratio. These features suggest that some Al-generated texts are characterized by
greater lexical regularity, more nominal or structurally organized writing, and specific punctuation
patterns. Negative coefficients are associated with features such as repeated unigram ratio, number
of distinct tokens, sentence length, sentence length variability, dialogue line ratio, attribution verb
ratio, and sentence start diversity. These features suggest that human-written texts in the validation set
often contain greater structural variation, more dialogue-related patterns, and more diverse sentence
organization.

6. Results

This section reports the results obtained by our submitted systems on the test set of the Voight-Kampff
Generative Al Detection task at PAN 2026. For a complete comparison with the other participating
systems, we refer the reader to the official task overview paper [32].



Among our submitted systems, an ensemble system combining only the lexical and linguistic subsys-
tems achieved the best performance (reported mean score of .797) on the test set and ranked 10th out of
the 34 reported systems in the official evaluation. This result is clearly higher than the standalone lexical,
semantic, and probabilistic systems, as well as the ensemble configuration of all systems. This outcome
suggests that the lexical and linguistic subsystems provide the most effective combination of signals
under the characteristics of the documents included in the test set. The lexical subsystem offers a strong
baseline based on surface-level regularities, while the linguistic subsystem adds complementary stylistic
and structural information. This interpretation is consistent with the validation analysis, where lexical
features showed strong standalone performance and linguistic features provided meaningful additional
evidence despite lower standalone scores. The weaker performance of the other configurations suggests
that larger ensembles do not necessarily improve effectiveness. When additional components are not
well aligned with the strongest signals, they may dilute rather than reinforce the final prediction.

Overall, the results indicate that the lexical linguistic ensemble provides the best trade-off between
effectiveness, efficiency, and stability among our submitted systems, partly due to its relative simplicity.

7. Conclusions & Future Work

In this work, we addressed Al-generated text detection through a heterogeneous and partially inter-
pretable ensemble architecture that combines lexical, linguistic, probabilistic, and semantic subsystems.

The validation analysis shows that lightweight feature families capture useful signals for Al-generated
text detection, including lexical regularities, orthographic patterns, stylistic variation, and discourse-
level organization. These signals can support simple and scalable systems that remain easier to analyze
than more complex black-box detectors. Although the absolute test performance leaves room for
improvement, our best submitted system was fully interpretable and relied on a compact combination
of lexical and linguistic evidence. This result supports the motivation of our work, since detection
systems used in contexts involving authorship, responsibility, and credibility should be both effective
and inspectable.

Future work could investigate more advanced methods for modeling subsystem complementarity,
especially in difficult genre-dependent cases where different detectors exhibit different failure patterns.
This direction is motivated by our error analysis, which shows that weaker subsystems can still provide
useful evidence for some difficult cases while introducing noise in others. A promising direction is the
development of uncertainty-aware aggregation mechanisms that selectively exploit complementary
subsystem signals only when the classification decision is ambiguous. Future work could also explore
multi-criteria decision making methods as an alternative to the logistic regression aggregation layer [33].
By treating subsystem scores as decision criteria, such methods could provide a fully interpretable
score aggregation mechanism and allow us to examine whether transparent aggregation can improve
performance while making the final classification easier to explain. Finally, future work should study
how detector behavior changes across new language models, evolving prompting strategies, and different
forms of text obfuscation.
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